ABSTRACT Due to the spectrum scarcity issue in conventional cellular networks, millimeter-wave (mmWave) technology has been proposed and is expected to be used in small cells to meet the requirements for spectrum resources, especially for those small cells that are densely deployed and form a multi-hop backhaul structure. For this novel architecture, a cross-layer optimization problem aiming at maximizing the energy efficiency while taking into account both the route selection and resource allocation is formulated. To find the optimal solution, we first decouple the original problem into a resource allocation sub-problem at the link-physical layer and a route selection sub-problem at the network layer. Since the resource allocation sub-problem at the link-physical layer is a non-convex problem and NP-hard, we apply stochastic algorithms to search for the optimal solution. Since the network layer sub-problem is simplified as a linear programming problem, an LP solver is applied to optimize energy efficiency. To reflect the interplay between these two problems, we further propose two joint optimization strategies. One uses stochastic algorithms that are composed of four schemes with given routes for resource allocation and linear programming for the route selection based on the given resource allocation. The other uses the linear programming to evaluate the fitness of each individual in the stochastic algorithms. The simulation results reveal the following: 1) our proposed schemes are capable of finding near-optimal solutions and can improve the energy and spectrum efficiency; and 2) properly finding the route without overloading any one of the base stations is capable of improving the throughput of the networks.
I. INTRODUCTION
Over recent years, the capacity boost of wireless data traffic from 4G to 5G has resulted in a 1000-fold increase in the demand [2] - [4] . To tackle the massive increase in network traffic demand, significant efforts have been directed towards increasing the throughput. mmWave technology has been proposed as an efficient method to extend the existing spectrum resources and explore the vast spectrum of available spectrum resources. It has been shown that The associate editor coordinating the review of this manuscript and approving it for publication was Zhenyu Xiao.
mmWave technology can provide a huge increase in the available bandwidth from 30 to 300 GHz [5] - [7] . However, mmWave signals have much shorter transmission ranges compared with conventional wireless technologies. For example, mmWave can only provide good coverage at distances less than 100 metres compared to 500 metres for traditional waves [6] , [10] . Therefore, we have to increase the density of the micro base stations and use a multi-hop structure for communications between BSs, which has been proven to expand the capacity of networks [11] - [13] .
The dense deployment can cause plenty of interference in a traditional network, but the interference among cells is VOLUME 7, 2019 This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see http://creativecommons.org/licenses/by/4.0/ minimal when using mmWave technology [14] . To decrease the escalating heavy energy consumption of the whole network, we need to find effective strategies to decrease the energy consumption and improve the energy efficiency. The related work can be classified into the research of the link-physical layer and the network layer according to their different points of interest. For the works on the link-physical layer, they focused on combining the user association and resource allocation issues to minimize the total resources [15] , [16] . The work of [17] studied joint spectrum allocation and user association, which are related to the biased downlink received power. It improved the performance of the network but did not include the power control. The work of [18] investigated the uplink energy-efficient of the communication between the primary users and the secondary users through user association and power control. Then, they proposed an iterative algorithm to solve this problem. Although they considered the joint optimization on the link-physical layer, they do not concern the usage of mmWave. The work of [3] combined mmWave pre-transmissions and orthogonal frequency division multiple access (OFDMA)-based wireless transmission resource allocation to maximize the weighted total rate of all users. In [19] , [20] , based on the mmWave network, the optimal resource allocation problem was investigated. In [21] , the joint problem of user association, sub-channel allocation, and power optimization is studied. Then, a new belief propagation (BP) algorithm is proposed. It is urgent to decrease resource and energy consumption to meet the users' demands by optimizing the resource allocation.
For the works on the network layer, they considered the route selection as an important issue to maximize the throughput in a dense multi-hop mmWave network [22] , [23] . In the mmWave network, the traffic flow that is transmitted over multiple short hops can achieve a higher throughput than that over a single long hop [24] , [25] . In [7] , multi-hop scheduling is proposed to support reliable communication. The work of [11] studied the network layer and discussed how to use millimetre waves to organize base stations and route their backhaul services in the multi-hop scenario of HetNets. To maximize the overall system performance, the work of [26] presented a multi-hop relay backhaul scheduling algorithm considering the link capacity awareness and the traffic load. As was comprehensively reviewed in [27] and [28] , multi-hop routing protocols are developed at mmWave frequencies considering the capacities and rates. These methods improve the network throughput and efficiently employ resources. Hence, we use multi-hop transmissions to maximize the throughput and optimize the energy efficiency.
From the aforementioned literature, we observed that they optimized the energy efficiency of a single layer. The works of [17] , [18] , [21] studied the channel allocation and power control of the link-physical layer. Moreover, route selection in the network layer is capable of enhancing the throughput of networks [11] , [26] - [28] . However, there is still a lack of focus on the cross-layer framework to jointly optimize the resource allocation and route selection. It is well known that routing plays a decisive role in the traffic demand of each link, and the effective capacity of each link can be obtained by calculating the channel allocation and power control [29] . The joint selection of a communication route and allocation of transmission power levels for a multi-hop wireless network where the spectral efficiency of the route exceeds a desired threshold were studied in [11] and [15] . As a contemporary evolutionary tendency, the cross-layer orientation has been studied to optimize the power efficiency and spectrum efficiency. The work of [30] designed a cross-layer model and developed a low-complexity resource allocation algorithm. In [12] , a cross-layer optimization framework is proposed to maximize the throughput in a wireless mesh network. In summary, these strategies effectively improve the spectrum efficiency and power efficiency. Therefore, it is of great importance to consider both the resource allocation and route selection to improve the energy efficiency. In our previous work [1] , the energy efficiency ratios of different schemes using the GA have been characterized, and a cross-layer mechanism is presented. In this paper, we fully consider the resource allocation and path selection in mmWave networks based on our previous work. Then, we change the algorithms and add more simulations to solve the resource allocation problem and routing problem.
To aggressively tackle the aforementioned issues, in this paper, we consider the resource allocation on the link-physical layer and the routing on the network layer to achieve cross-layer optimization in the new wireless network using millimeter wave and OFDMA technology. By doing so, it will decrease the power consumption and further improve the spectrum efficiency. The main contributions of this paper are summarized as follows. 1) We investigate the performance of mmWave communications. MmWave transmits over a short distance because of severe attenuation. Therefore, the multi-hop transmission technique is utilized throughout the communication between base stations. In addition, we consider the limitations of the link traffic and capacity.
Hence, a novel model that has two different transmission methods is designed. 2) We formulate a cross-layer optimization scheme to jointly optimize the resource allocation and route selection in the proposed system design. We decouple the studied problem into two sub-problems, namely, the network layer sub-problem and the link-physical layer sub-problem. 3) We further propose two joint optimization strategies to reflect the interplay between these two problems.
To solve the link-physical layer sub-problem, we apply stochastic algorithms due to the issue being NP-hard. The channel resources and energy resources are coded separately according to the characteristics of the new model. Then, four resource allocation schemes, including the genetic algorithm (GA) and the differential evolution algorithm (DE), are proposed, through which the channel and power are allocated to jointly maximize the spectrum efficiency and energy efficiency.
To solve the network layer sub-problem, we further translate the issue into a linear programming problem that can evaluate the fitness of each individual in the stochastic algorithms. The remainder of this paper is organized as follows. Section II presents the wireless cellular network model and problem formulation. In Section III, the cross-layer resource allocation design is studied. Then, we present an analysis of the corresponding solutions for the two-layer sub-problems. Section IV compares and analyses the simulation results with different schemes. Section V concludes this paper.
II. SYSTEM MODEL AND PROBLEM FORMULATION
In this section, we first describe the system model and the topology of the mmWave network. Then we present the cross-layer optimization problem.
A. SYSTEM MODEL
We consider a heterogeneous cellular network with a macrocell base station (macro BS), K user equipments (UEs) and N − 1 small cell base stations (micro BSs), which are expressed as N macro , K = {1, · · · , K } and N = {1, · · · , N }. There are two transmission technologies. MmWave technology can be applied for the communications between BSs. For example, a macro BS can establish connections to some micro BSs with a set of point-to-point mmWave downlinks simultaneously. However, for these communications between BSs and UEs, only OFDMA technology is applied. When a UE is within range of the BSs, it should first associate to one BS with OFDMA technology. We assume the set of subcarriers at each BS as S = {1, · · · , S}. A macro BS, a set N of N BSs, and a set K of K UEs form a downlink transmission of a multi-hop heterogeneous cellular network as shown in Fig. 1 . For any BS n (n ∈ N ), UE k (k ∈ K) and channel s (s ∈ S), we define ρ s n,k as the resource allocation variable between BS to UE. Suppose that the 0/1 variable ρ s n,k represents the nth BS and channel selection of UE k, then if ρ s n,k = 1, it means that the BS s transmits data to UE k on channel s. Otherwise, ρ s n,k = 0. Since concurrent transmission may result in an unordered arriving packages [29] , in order to ensure the consistency of routing packets, one UE can connect to one BS through only one channel, which is given by n∈N s∈S
We assume that one BS can connect to no more than one UE on one channel, which is given by
Due to the different transmission objects and technologies, we have different representations of power. In our paper, p nj denotes the power allocated between the nth and the jth BS. q s n denotes the power allocated at the sth subcarrier of the nth BS, P max denotes the maximum transmit power of the nth BS. The limitation of power can be expressed as
Simultaneously, the signal to interference plus noise ratio (SINR) has different formulas. Conventionally, the transmission between the BSs brings interference to the UEs. And the transmission between the BS and the UE also brings interference to the other BSs. However, we clarify that in our model, a multi-hop heterogeneous cellular network is investigated, where the mmWave technology is applied for the communications between BSs, and OFDMA technology is applied for the communication between BS and UE. It should be noted that millimeter wave (mmWave) are working on the frequency between 30 and 300 GHz, VOLUME 7, 2019 where the OFDMA are working on a much lower frequency from 900 MHz to 5 GHz. According to [14] , there is no inter-interference between these technologies. Denote G nk as the channel gain, denote I s n as the total interference experienced by the nth UE, where I s n = i∈N \n q s i G ik , denote N 0 as the white Gaussian noise. The signal to SINR received by the kth UE from nth BS can be given as,
We assume that the mmWave technology is applied for the communications between BSs, and denote SINR nj as the SINR between the nth and the jth BS. According to [3] , [11] , [21] , it can be given as,
where p nj represents the transmit power of the BS n to BS j, H nj represents small-scale fading, M nj denotes the directivity gain, which generated by sectored antenna model [11] , PL(d nj ) denotes the path loss, N 0 represents thermal noise, and I nj represents interference which takes the transmission pairs that would bring maximum interference power to the receiver BS j into account. PL(d nj ) and I nj can be given by
where α and β are the least squares fit of floating intercept and slope over the measured distances, σ 2 is the lognormal shadowing variance. We assume that communication between BSs relies on adaptive beamforming in mmWave network. Therefore, the propagation and loss models have different characterizations in line-of-sight (LOS) and non-line-of-sight (NLOS) paths, which manifests the parameters α, β, and σ are different in (6) .
We denote f k n,m as the traffic flow of the downlink transmission from the kth UE via the nth BS to the mth BS or UE, (n ∈ N , m ∈ N ∪K). We denote the nth BS as a relay node, and its incoming traffic flow is equal to the outgoing traffic flow. We denote the nth BS as a relay node, and its incoming traffic flow is equal to the outgoing traffic flow. Supposing the kth UE as a terminal node, its incoming traffic flow is not smaller than the demand rate of the kth UE r k . For the only macro BS, its outgoing traffic flow is equal to the sum rate of UEs. Mathematically, the relation between the traffic flow at BS can be formulated as follows,
At the same time, the sum of the traffic flow through a link cannot exceed its link capacity, which is given by
where the link capacity U nm is defined as shown in (12) . Due to the fact that different communication technologies are applied, it can be formulated as,
where W B denotes the transmission bandwidth using mmWave and W s denotes the transmission bandwidth using traditional wave.
B. PROBLEM FORMULATION
In this work, we define the energy efficiency ratio in the mmWave network as
where the optimization variable r = {r k } denotes the set of sum rate of each UE, p = {p nj } denotes the set of sum power for each BS communicate to BS, q = {q s n } denotes the set of sum power of each BS communicate to UE. To obtain a high sum rate of UEs and low power consumption with limited bandwidths and transmit power resources, it is reasonable to maximize energy efficiency ratio under a series of traffic requirements, which depends on the transmission power and capacity of the links. Accordingly, the optimization problem for the mmWave network can be formulated as
where the optimization variable r, p, q are unknown. We suppose one UE corresponds to one request req = k. We suppose
as the route for each session, macro BS or micro BS as the source, UE as the destination. The constraint (14.g) implies that the incoming traffic flow is equal to the outgoing traffic flow for any relay BS n. The constraint (14.a) indicates the BS n and channel selection of UE k, (14.b) represents that each UE can connect to one BS through only one subcarrier, (14.c) represents that each subcarrier of BS can connect to no more than one UE, (14.d) indicates that the total power cannot exceed its maximum of power, (14.e) represents the incoming traffic flow is greater than or equal to the demand rate of the kth UE, (14.f) represents the outgoing traffic flow is equal to the sum rate of UEs for macro BS, (14.h) represents that the sum of the traffic flowing through the link between the nth BS and the mth BS is required to be smaller than the link capacity value. All of these variables in the above restrictions are unknown.
III. CROSS-LAYER OPTIMIZATION APPROACH
The objective function in (14.a) is to achieve the maximization of the energy efficiency ratio, which is a non-linear problem. We propose a joint optimization scheme named cross-layer optimization approach. In this section, we first decouple this problem into a resource allocation sub-problem on the link-physical layer and a route selection sub-problem on the network layer. Second, we use stochastic algorithms for resource allocation with given routes and linear programming for routes selection with given resource allocation. It is nested loops between the two sub-problems. The linear programming will be used to evaluate the fitness of each individual in the stochastic algorithms. Finally, we obtain the maximization of energy efficiency ratio through jointly optimizing resource allocation and route selection.
A. CODING FOR LINK-PHYSICAL LAYER
This section mainly addresses the problem of channel and power allocation on link-physical layer. It is obvious that the resource allocation is a non-convex optimization problem on the link-physical layer, which is NP-hard [16] . Considering that the stochastic search algorithms are recognized to be well qualified to tackle large-scale NP-hard problem, thus we consider the GA and DE to solve the resource allocation under the assumption of route has been selected. Given the route selection, the optimization problem (14.a) can be transformed into max λ 1 (r, p, q) (∀n, k, s) is determined by the channel allocation. Since the variable of channel allocation is a continuous variable after encoding, each sub-channel has a number from 1 to S in the model. Therefore, integer coding can be used for the sub-channel, and the channel allocation scheme in one macro BS can be abstracted as a two-dimensional array in which rows are used to represent different base stations, and columns are used to represent different sub-channels for each BS. The channel allocation of the BSs is represented as a two-dimensional matrix C N ×S as
where the matrix C n,s (1 n N , 1 s S, 1 C n,s K ) represents kth UE, which k is equal to the value of C n,s , associated with the sth subcarrier of the nth BS. If C n,s = k, it indicates kth UE associated with the sth subcarrier of the nth BS. Therefore, C n,s ∈ {0, 1, 2, 3 . . . K }, if C n,s = 0, it represents that there is no subcarrier allocated to the nth UE, so the channel is in an idle state.
The matrix P N ×F (F = N + S) represents the power allocation. It has two parts, communicating from BS to BS using mmWave technique and communicating from BS to UE in OFDMA technique. Therefore, in the matrix P N ×F , the variable p n,j (1 n N , 1 j N ) represents the transmit power from the nth BS to jth BS, the variable q s n (1 n N , 1 s S) represents the transmit power of the nth BS at the sth subcarrier.
In this model, the power level is used to represent the power of the BS. It indicates a percentage of the maximum power. This form of expression allows the power values of all BSs to be relatively average. When calculating the total power of this system, the power levels of all the BSs will be added. At last, it is necessary to multiply by the maximum power.
In conclusion, this is an optimal problem of channel allocation and power allocation of the BS on the link-physical layer, which can be indicated by a set {C, P}.
B. ALGORITHMS FOR LINK-PHYSICAL LAYER
Through the above-mentioned, suboptimal resource allocation solutions are found based on genetic algorithm and differential evolution algorithm. The genetic algorithm technique starts with an initial population of chromosomes. Each population is initialized with solutions of the objective function, and its fitness values control the intersection and selection of the parents. GA has four operations in each iteration including crossover, mutation, repair, selection. Two-point intersection method is applied in the crossover operation. New genes may appear due to the structure of genes in a chromosome is reorganized in the mutation operation. Repair operation is to avoid some mistake in the new population. Last but not least, the local optimum solutions is chosen in selection operation and they will extend into the next generation. Hence, the quality of the population may be enhanced through every generation [31] , that is, the fitness value is optimized.
2) DIFFERENTIAL EVOLUTION ALGORITHM
The differential evolution algorithm technique is a population-based algorithm, which is similar to GA. It has three operators, like crossover, mutation, and selection. But they are different from GA. Particularly, the mutation scheme is the main difference which makes DE self-adaptive [32] . It changes donor vector according to three members chosen in a random. The three operations produce a trial vector and all solutions have the opportunity to inherit to the next generation. Therefore, the quality of the population fitness is enhanced through every generation.
C. SOLUTION FOR LINK-PHYSICAL LAYER
We use these two algorithms to design four schemes. The first two schemes are joint optimization, that is, simultaneously optimizing channel allocation and power allocation. The last two schemes are two-step loop optimization, that is, the channel allocation and the power control are optimized separately in every iteration.
1) SCHEME 1
In this scheme, a genetic algorithm is used to simultaneously optimize channel allocation and power allocation. So, the set {C, P} is changed simultaneously in each generation of the GA. The channel matrix and power matrix value are selected iteratively. The description of joint optimization based on genetic algorithm is given in Algorithm 1.
There are two loops executed in Algorithm 1. At the Outer Loop, fitness λ and {C, P} obtained in the Inner Loop is iterated with the number of generation. At the Inner Loop, the optimal resource allocation policy is obtained through the roulette wheel select, cross, mutate and repair operation of the genetic algorithm.
To compute the complexity, we not only consider the algorithms in link-physical layer, but also the algorithm in network layer. Hence, the complexity of this scheme primarily includes two parts: joint optimization of resource allocation, and linear programming to control routing. Furthermore, it has been observed that the proposed suboptimal 16 return The best resource allocation solution is almost as good as the optimal solution that requires an exhaustive search to find the best power allocation and channel selection. For the link-physical layer, the algorithm complexity depends on genetic operator. For the network layer sub-problem, we denote O(LP) as the time complexity of applying LP solver in calculating the fitness value of each population. Therefore, the computational complexity of Algorithm 1 is O 1 (gen max × pop) × O(LP).
2) SCHEME 2
In this scheme, the differential evolution algorithm is used to simultaneously optimize channel allocation and power allocation. Similarly, based on the DE algorithm, Algorithm 2 is applied to solve the optimization problem. It also starts with an initial population {C, P} and has two loops. At the Outer Loop, the fitness of λ and {C, P} iterate along with the number of generation. At the Inner Loop, the optimal resource allocation policy are obtained through mutation, crossover and selection operations. In the mutation operation, the population member and donor vector will be changed. The donor vector can be expressed as,
where X 1 , X 2 , X 3 are three members chosen in a random fashion from the current population {C, P} and F i represents compute F i and mutant vector{C i mutantion ,
compute crossover probability 14 return The best resource allocation the scale factor, which is given by
where F l = 0.1, F u = 0.9, which is suitable for most optimization problems [32] . fitness(X i ) represents the corresponding value of the ith individual. In the crossover operation, we compute the crossover probability CR i , which is given by (20) where CR l = 0.1, CR u = 0.6, which is suitable for most optimization problems [32] . This algorithm generates new individuals through the crossover operation and adapts the new individual in the contemporary group. New individuals with high fitness replace the original individuals. Therefore, the algorithm continues to iterate to preserve dominant individuals and eliminate vulnerable individuals. The optimal solution will be obtained ultimately.
Here, Algorithm 2 also starts with an initial population and has two loops. The computational complexity of the DE algorithm depends on the complexity of both loops, which is as the same as indicated in Algorithm 1. Algorithm complexity depends on DE operator in the link-physical layer and the linear programming copulations in the network layer. Therefore, we can qualitatively conclude that the computational complexity for solving this resource problem is O 2 (gen max × pop) × O(LP).
3) SCHEME 3
In this scheme, the genetic algorithm optimizes channel allocation and the differential evolution algorithm optimizes power allocation. Set {C, P} is changed separately in each generation. In summary, this scheme is shown in Fig. 2 . There are two steps in the loop. The first step is a channel optimization that devotes to search for the optimal channel allocation based on the best power control, and the second step focuses on the optimal power allocation based on the best channel allocation. This algorithm ends when the objective solutions converge. The computational complexity of the proposed algorithm depends on the complexity of both loops. As indicated in Fig. 2 , objective optimization has an Outer Loop and an Inner Loop of convergence. As will be demonstrated in the simulation, at the Outer Loop, fitness λ 1 and {C, P} obtained VOLUME 7, 2019 in the Inner Loop is iterated with the number of generation. At the Inner Loop, the optimal channel is obtained using GA and power allocation is obtained using DE. Moreover, we denote O(LP) as the consumed time applying LP solver in calculating the fitness value of each population. O 1 is the algorithm complexity of GA, O 2 is the algorithm complexity of DE. Hence the total complexity of the whole algorithm is
4) SCHEME 4
In this scheme, the GA is both used to optimize channel allocation and power allocation in each loop iteration. We regard each channel matrix as an individual. Then, New individuals are generated using two-point intersection method in the corresponding pairing. GA is also used to optimize power matrix as the same as the channel matrix. They first optimize channel allocation with fixed power control, then optimize power allocation with selected channel allocation. The set {C, P} is changed separately in each generation of the GA. The channel and power allocation are optimized by iteratively selecting the maximum objective function value. In summary, the block diagram and computational complexity in this scheme are as same as the third scheme. So the total complexity of the whole algorithm is (
D. SOLUTION FOR NETWORK LAYER
This section mainly addresses the problem of route selection on network layer. Based on the solution of channel and power allocation in III.A, we consider the problem of routes selection as a linear programming problem. Given the resource allocation, the optimization problem (14.a) can be transformed into min : −max λ 1 (r, p, q)
where the optimization variable p, q can be caculated due to the set {C, P} is obtained in III. A. The variable r can be calculated according to the traffic flow f and capacity U . From the equation (12), the equation (21.d) can also be rewritten as
The objective function is to compute the energy efficiency ratio. Because the channel and power allocation are stable in the network layer, the objective function can be regarded as looking for the maximum value of the sum rate. As in equation (22) , the capacity of each link can be obtained. According to section II, we consider macro BS as the source, UEs as the destination, f k
as the route for each session, respectively. In general, we import the flow conservation law. Therefore the incoming traffic flow is equal to the outgoing traffic flow for any relay BS n and not smaller than the demand rate the kth UE. In addition, the outgoing traffic flow is equal to the sum rate of UEs form macro BS and the sum of the traffic flowing through the link between the nth BS and the mth BS is required to be smaller than the value of link capacity. We can find the objective function and the constraints are linear. So this problem can be classified as a linear programming problem and can be solved by CVX optimization toolbox. 1
IV. PERFORMANCE ANALYSIS AND COMPARISON
In this section, we present numerical results to evaluate the performance of the proposed solution. Fig. 3 shows a cellular network model based on the mmWave. There is one macro BS, ten micro BSs and eighteen UEs distributed in a 500m × 500m area. The macro BS, which is represented as a red star, locates in the middle of this domain. The micro BSs and UEs are denoted as red triangles and black circles respectively. The simulation parameters are illustrated in Table 2 unless otherwise stated. Assume P max is the maximum power, S is the number of sub-channels. We will change the value of them and compare the performance of these four schemes. In Table 2 , there are two noise powers due to the communication between BSs using mmWave technology and the communication between BS to UE using traditional OFDMA technology. They also have different bandwidths, the bandwidth of mmWave usually have several GHz. When using mmWave transmission technology, the propagation and loss Table 2 . In addition, we set the path loss index value of traditional communication as 4. We first investigate the energy efficiency ratio versus the maximum power using GA_based joint optimization with different route selection algorithms in Fig. 4 . We suppose there are five subcarriers, the maximum power change from 10 to 35 watts. In this situation, the energy efficiency ratio can be obtained using Scheme 1. The CVX toolbox and Dijkstra algorithm are used to realize routing selection. As can be observed from Fig. 4 , the energy efficiency ratio of all algorithms decreases monotonically with the maximum power. Moreover, the energy efficiency ratio employing the CVX toolbox can achieve higher values than using the Dijkstra algorithm. The reason is that the linear programming performs better, compared to fixed routing. The application of linear programming on the network layer can further improve energy efficiency. In Fig. 5 , we evaluate the convergence of different maximum power. Here, we set the number of subcarriers as 5, and let the maximum power of BS increase linearly to analysis how the whole power, the sum of rate and the energy efficiency ratio grow in mmWave network. Fig. 5 depicts the performance of the whole power with different maximum powers of BS using the GA_based joint optimization scheme. The sum of power decreases with iteration because the power we choose will be reduced accordingly when the resource allocation scheme is optimized. Eventually, the sum of power converges to a stable value. As can be seen from Figure 5 , the larger the value of the maximum power, the larger the value of the power's summation. Fig. 6 depicts the performance of the sum rate with different maximum powers of BS using the GA_based joint optimization scheme. We remark that the rate of the entire network is equal to the sum of the outgoing traffic flow of macro BS in our model. Obviously, the sum of rate of the UE is increasing along with the generations. Due to the sum of rates is not chosen as the fitness, they are in a fluctuating growth trend. Fig. 7 shows the impact of the maximum power of BS on energy efficiency ratio when the number of sub-channel is fixed in traditional communication and the generated curve under iteration in order to achieve energy efficiency ratio. We linearly increase the maximum power of BS to see how the energy efficiency ratio grows in this mmWave network. It can be clearly seen that the energy efficiency ratio significantly increases along with the iterations. The value grows slowly when the number of iteration is at about three hundred and converges gradually at last. Furthermore, it is also clear that the energy efficiency ratio significantly reduces when the maximum power of BS increases. This reveals that decreasing the maximum power of BS can improve the energy efficiency.
Based on the above emulation, we obtain the energy efficiency ratio at different powers in Fig.8 to investigate the effect of network efficiency using different schemes. We observe that the difference in terms of energy efficiency ratio is remarkable in Fig. 8 . which is a result of a large difference in the maximum power of the BS. It can be clearly seen that the energy efficiency ratio significantly reduces when the maximum power of the BS increases. This is because that the sum of power is increasing along with the growth of maximum power, but the sum of rate cannot keep pace with the growth of power. Furthermore, it is also clear that two-step loop optimization is more successful than joint optimization in maximizing objective solutions. We also set the number of power as 10W, and linearly increase the BS sub-carriers from 2 up to 10 in order to see how the energy efficiency ratio grows in mmWave network. The energy efficiency ratio at different sub-channels we have obtained using the four schemes are presented in Fig. 9 . As shown in Fig.9 , the energy efficiency ratio decreases when the sub-channel quantity after 5 and increases when the sub-channel quantity before 4. That is because if the sub-channel quantity is small, the inference in this network rises. But if the sub-channel quantity increases, the bandwidth of each sub-channel will decrease. There will appear more unused sub-channels. Also, the two-stage loop optimization schemes achieve a better value than joint optimization schemes under the same condition. In Fig. 10 , we evaluate the convergence of the proposed schemes solving problem. Suppose η as the convergence factor. It can be calculated by the value of each generation divided by the final convergence value. As can be observed from Fig. 10 , we observe that the values of η rise when the generation is increasing and are converged for one. That is because each iteration incurs the increase of objective function. From the Fig. 10 , we also observe that the convergence speed of Scheme 3 (GA+DE) is much faster than that of three schemes and the joint optimization scheme obtains a smaller convergence speed than the other two-stage loop optimization schemes. It can be explained as follows. As shown in Figure 2 , the two-stage loop optimization schemes have channel optimization and power optimization at the Inner loop in each iteration, these resource optimization also have their own circulations. From the analysis above, we obtain the solution that two-stage loop optimization schemes can improve the speed of convergence effectively in mmWave wireless network. In addition, we can also conclude that the schemes using DE algorithm get better convergence property than GA algorithm on power allocation.
In Fig. 11 , we evaluate the energy efficiency ratio versus different schemes using box plots through normalizing these values and comparing the convergence. As an example, we set the number of subcarriers as 5, the maximum power as 10 watts. The CVX toolbox is used to realize routing selection. In this situation, the energy efficiency ratio can be obtained using these four schemes. Fig. 11 shows that Scheme 3 can get the maximum according to the mean value and it is also the most stable because their values range has better performance. It can be clearly seen that the mean value computed by Scheme 2 (Joint DE) is the smallest. Scheme 1 (Joint GA) does not have the smallest mean value but its values range is the biggest. Hence, we can conclude that the schemes using the DE algorithm usually benefit for the stable of the whole scheme.
V. CONCLUSION
In this paper, we have investigated the joint optimization problem of resource allocation in a cellular network under the combination of the mmWave and traditional wave. We have formulated a cross-layer joint optimization problem. This problem has been divided into two sub-problems and solved them independently: 1) For the resource allocation subproblem, we have found it is a non-convex problem and developed four different solutions using stochastic algorithms with given route selection; 2) For the routing sub-problem, we have considered it as a linear programming problem and solved by using CVX optimization toolbox with given resource allocation. The simulation results have shown that the joint optimization of resource allocation and path selection on cross-layer improves the energy efficiency and spectrum efficiency of the mmWave network. The simulation results also have shown that linear programming can improve energy efficiency when selecting path problems and the two-stage loop optimizations have achieved higher energy efficiency and convergence speed compared to the joint optimizations when dealing with resource allocation.
